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h i g h l i g h t s
• We propose a return predictor: the implied dividend yield term structure (IDYTS).
• The IDYTS is constructed from index options data using put–call parity.
• Expected returns can be characterized by a linear function of the IDYTS.
• The IDYTS outperforms the dividend price ratio (DP) in predictive regressions.
• The IDYTS outperforms the DP in out-of-sample portfolio tests.
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a b s t r a c t
This paper proposes a new dividend-based S&P 500 Index return predictor, the implied dividend yield
term structure (IDYTS). We show that the IDYTS is a ‘‘cleaner’’ predictor than its conventional counter-
part, the dividend price ratio (DP), in that the expected return is a linear combination of the level and
slope of the term structure. Exploiting non-arbitrage relationships and the forward-looking nature of the
options market, we estimate the IDYTS and investigate its index return predictability. The IDYTS outper-
forms the DP in predictive regressions, and the optimal IDYTS portfolio, constructed by using the IDYTS in
a predictive regression, stochastically dominates and yields a higher Sharpe ratio than the DP portfolio.
© 2015 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).1. Introduction
The dividend price ratio (DP) has been long recognized as a
predictor for S&P 500 Index returns, yet the empirical evidence
is mixed. In addition, the validity of the DP’s return predictability
has been criticized for two reasons. First, the DP is a noisy predic-
tor in that it reflects the difference between the expected return
and the expected dividend growth (Campbell and Shiller, 1988);
when such two variables are positively correlated, the predictive
power of the DP deteriorates. Second, the DP, defined as the 12-
month tailing sum of paid dividends divided by a price, is highly
persistent. Stambaugh (1999) points out that the bias in predictive
regression coefficients increaseswith the persistency of the predic-
tor. Moreover, the DP may have the local-to-unity property since
∗ Corresponding author. Tel.: +1 312 315 0673.
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0165-1765/© 2015 The Authors. Published by Elsevier B.V. This is an open access articits AR(1) coefficient is close to one (Campbell and Yogo, 2006). Be-
cause the DP cannot pass standard unit-root tests, a predictive re-
gression using the DP is questionable.
In this paper, we ask the question: is there an alternative
dividend-based predictor less subject to the aforementioned draw-
backs? We argue that the implied dividend yield term structure
(IDYTS), exploiting non-arbitrage relationships and the forward-
looking nature of the options market, is a superior dividend-based
predictor. First, the IDYTS is ‘‘cleaner’’ than the DP: as wewill show
within Campbell and Shiller’s (1988) dividend ratio model, the ex-
pected return can be fully characterized by a linear combination of
the expected dividend yield level and the expected dividend yield
growth. Second, because the IDYTS that we calculated from S&P
500 Index options is stationary and has a much lower persistency
than the DP, the IDYTS suffers from less econometric problems
when used in a predictive regression. Empirically, we document
that the IDYTS has stronger index return predictability than the
DP. Furthermore, trading strategies using the IDYTS stochastically
dominate and yield a higher Sharpe ratio than those using the DP.
le under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Our work complements Golez (2014) who extracts the implied
dividend yield from index options of fixed maturity to correct for
the ‘‘noisy’’ portion in the DP, and documents improved return
predictability. Differently from Golez, we discard the DP, propose
a cleaner predictor, the IDYTS, and show that not only the level but
also the slope in the IDYTS enhances return predictability.
This paper also relates to recent works exploring implied div-
idend information from derivatives markets. Binsbergen et al.
(2012) measure the implied price of dividend strip, and find that a
short-term strip contributes more to the equity risk premium than
a long-term strip. Binsbergen et al. (2013) analyze a novel data set
of dividend derivatives, and find that the term structure of the ex-
pected dividend growth rates (dividend risk premia) is counter-
cyclical (pro-cyclical).
2. Implied dividend yield term structure (IDYTS)
By the no-arbitrage principle, the put–call parity holds for
European options on the S&P 500 Index:
C (t, τ , K)− P(t, τ , K) = S (t) e−y(t,τ )τ − Ke−r(t,τ )τ (1)
where C (t, τ , K) and P (t, τ , K) are prices of a call and a put option
price pairs with the samematurity τ and the same strike K ; r (t, τ )
is the risk-free rate; and y (t, τ ) is the implied dividend yield (an-
nualized) for maturity τ . Rearranging (1):
y (t, τ ) = 1
τ
ln

S (t)
C (t, τ , K)− P(t, τ , K)+ Ke−r(t,τ )τ

. (2)
We calculate forward-looking y (t, τ )s using S&P 500 Index option
prices from Jan 1996 to Oct 2013. At the beginning of each month,
we estimate the implied dividend yields for maturities of 91 days
(idy91), 182 days (idy182), and 364 days (idy364). (See Appendix B
for details.)
The top panel in Fig. 1 indicates that, in general, the implied div-
idend yields move in the same direction as the DP, while they tend
to be lower than the DP during the recession period (2001–2002,
2008–2009) and higher in the non-recession period. The bot-
tom panel shows that the implied dividend yields exhibit a time-
varying term structure.
Table 1 presents the AR(1) coefficients and unit-root test results
for monthly returns of S&P 500 Index, the DP, and the IDYTS. The
results indicate that the DP is highly persistent and cannot rule
out a unit root, whereas the IDYTS has a much lower persistency
and rejects the null of unit root at the 1% level. Thus, the IDYTS
is less likely to suffer from econometric problems when used in a
predictive regression.Table 1
AR(1) coefficient and Augmented-Dickey–Fuller test.
Monthly
ret
DP idy91 idy182−
idy91
idy364−
idy182
AR(1) 0.0773 0.9593 0.5322 −0.0073 0.153
p_value for ADE test 0.0001 0.4341 0.0179 0.001 0.001
3. Theoretical justification
Campbell and Shiller (1988) derive a multi-period dividend
ratio model:
dpt = θ0 + Et
∞
N=0
ρN × rt+1+N − Et
∞
N=0
ρN × dgt+1+N (3)
where dpt = ln

Dt−1,t
Pt

is the log DP; rt+N = ln

Pt+N+Dt+N−1,t+N
Pt+N−1

is the one-period return from t + N − 1 to t + N; dgt+N =
ln

Dt+N−1,t+N
Dt+N−2,t+N−1

is the log dividend growth rate; Dt+N−1,t+N is the
dividendpaid in this period; Pt is the indexprice,ρ < 1 is a positive
constant. Let yt,t+N ≡ −
ln

1− Dt,t+NPt

N be the annualized dividend
yield for maturity of N .
Proposition 1. The expected return µt = Et (rt+1) is a linear
function of Et

yt,t+1

and Et

yt,t+N − yt,t+N−1

:
µt ∼= α + β ·

Et

yt,t+1
+ ∞
N=1
ρN(N + 1− ρN)
· Et

yt,t+N+1 − yt,t+N

(4)
where α, β and ρ < 1 are constant.
Proof. See Appendix A. 
According to (4), the expected return can be fully characterized
as a linear combination of the expected dividend yield level and
the expected dividend yield growth. We use the proxy of IDYTS
discussed in Section 2 to obtain a reduced form of (4) for empirical
purposes:
µt ∼= α + β1 · idy91t + β2 · (idy182t − idy91t)
+β3 · (idy364t − idy182t)+ εt . (5)
4. Empirical results
4.1. Predictive regression
We run predictive regressions of S&P 500 Index returns on
lagged predictors:
ret t+ht = α +
K
i=1
γiXi,t + β1idy91t + β2(idy182t − idy91t)
+β3(idy364t − idy182t)+ εt (6)
and
ret t+ht = α +
K
i=1
γiXi,t + β1DP t + εt (7)
where ret t+ht is the logged index return of S&P 500 over horizon
h. We control other standard predictors denoted by Xi,t , including
PEt (the logarithm of the price earnings ratio), RELVOLt (the real-
ized volatility estimated from past one-month prices), VRP t (VIX t
minus RELVOLt ), IRt (the 1-month T-bill yield), and TMSP t (the yield
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Predictive regression results.
Sample period:
1996.01–2013.10
h = 1 month h = 3 months h = 1 year
1 2 3 1 2 3 1 2 3
Intercept 0.092 0.104 −0.034 0.288 0.370 −0.058 0.888 0.359 −1.196(1.981∗∗) (0.879) (−0.350) (2.359∗∗) (1.120) (−0.242) (1.474∗) (0.767) (−2.279∗∗)
DP −0.206 −1.365 8.885(−0.097) (−0.243) (1.090)
idy91 1.947 4.990 29.913(1.390∗) (1.452∗) (4.611∗∗∗)
idy182− idy91 2.872 5.420 30.931(1.449∗) (1.296∗) (6.963∗∗∗)
idy364− idy182 7.177 9.2867 51.404(1.8235∗) (1.149) (3.814∗∗∗)
PE −0.039 −0.043 −0.0075 −0.120 −0.144 −0.026 −0.437 −0.276 0.134(−1.971∗∗) (−1.231) (−0.260) (2.333∗∗) (−1.484∗) (−0.387) (−1.907∗∗) (−1.466∗) (0.771)
RELVOL −0.016 −0.011 0.015 0.032 0.061 0.058 0.271 0.0736 0.400(−0.254) (−0.220) (0.245) (0.201) (0.444) (0.345) (1.479∗) (0.306) (1.936∗∗)
VRP 0.408 0.413 0.395 0.780 0.813 0.749 1.467 1.227 1.286(3.725∗∗∗) (3.747∗∗∗) (3.627∗∗∗) (6.713∗∗∗) (4.920∗∗∗) (7.199∗∗∗) (4.104∗∗∗) (2.900∗∗∗) (3.555∗∗∗)
IR 0.297 0.315 0.219 1.051 1.171 0.648 6.703 5.670 4.211(1.026) (0.926) (0.681) (1.357∗) (1.289∗) (0.928) (1.842∗) (1.582∗) (1.761∗)
TMSP −0.218 −0.188 −0.425 −0.049 0.154 −0.890 8.277 6.638 3.109(−0.423) (−0.312) (−0.754) (−0.036) (0.105) (−0.768) (1.493∗) (1.136) (0.732)
adj R2 11.95% 12.02% 15.00% 15.83% 16.03% 17.97% 19.05% 20.16% 32.82%
*, **, and *** indicate the statistical significance at 10%, 5%, and 1% level, respectively.spread between the 10-year T-bond and the 3-month T-bill). All re-
gressions are of a monthly frequency.
Table 2 presents the regression results with Hodrick (1992) t-
statistics (in parenthesis) to correct for overlapping observations.
The results indicate that the IDYTS, measured by idy91, idy182 −
idy91, and idy364 − idy182, substantially outperforms the DP in
terms of the statistical significance and the adjusted R2 across
various forecast horizons.1
4.2. Portfolio performance
Can someone devise a trading strategy exploiting the superior
return predictability of the IDYTS? Consider a risk-averse investor
who conditions her decision on a predictivemodel to construct and
rebalance a portfolio consisting of an S&P 500 Index and a risk-
free asset. Given a power utility U (W ) = W1−γ1−γ , she invests a
proportion (ω) of her wealth in S&P 500 Index for one period to
maximize her expected utility:
ω = Et [rt+1]− rf ,t+1 +
1
2σ
2
t
γ σ 2t
(8)
where rf ,t+1 is the risk free rate, rt+1 is the normally distributed log
index return, and σ 2t is the log return variance. At the beginning of
each period, the investor runs a predictive regression to estimate
Et [rt+1], uses the unconditional variance forσ 2t , and rebalances her
portfolio according to (8).2 The initial portfolio is constructed at the
beginning of Jan 2000, conditional on historical data between Jan
1996 and Dec 1999. Then, the investor applies a recursive scheme
to re-estimate themodel, and rebalances the portfolio at amonthly
frequency.
We compare performances of portfolios:
1. RW (random walk): rt+1 = α + σεt+1;
2. DP: rt+1 = α + βDP t + σεt+1;
1 Results are similar in predictive regression without controlling for other
standard predictors.
2 Using VIX as an alternative measurement of risk, we obtain similar results.3. IDYTS: rt+1 = α + β1idy91t + β2 (idy182t − idy91t) +
β3 (idy364t − idy182t)+ σεt+1.
Fig. 2 presents the performances under different risk aversion
coefficients (γ ), where the initial wealth is set at $100, and ω is
capped between −1 and 1.3 A visual inspection suggests that the
IDYTS portfolio outperforms the DP and RW portfolios.
4.2.1. Sharpe ratio test
We use test statistics (Z) proposed by Jobson and Korkie (1981)
to test whether the difference in the Sharpe ratio between two
portfolios is statistically significant:
Z = µAσB − µBσA√
θ
; (9)
θ = 1
N

2σ 2B σ
2
A − 2σBσAσB,A +
1
2
µ2Aσ
2
B +
1
2
µ2Bσ
2
A −
µBµA
σBσA
σ 2B,A

(10)
where µA(µB) is the excess average return of portfolio A(B);
σ 2A (σ
2
B ) is the variance of A(B); σB,A is the covariance; N is the sam-
ple size. Z is asymptotically normal.
Table 3 shows that the annualized Sharpe ratio of theIDYTS
portfolio is statistically significantly higher than those of both the
DP and RW portfolios (except for versus RW in Panel a).
4.2.2. The second order stochastic dominance (SSD) test
A stochastically dominant portfolio is preferred by any risk-
averse investors, regardless of their preference.We applyDavidson
and Duclos’ (2000) SSD Test against the null hypothesis that
portfolio A stochastically dominates portfolio B:
H0 : A≻2 B. (11)
Following Constantinides et al. (2011), we calculate an external
test statistic T (z) where z is a vector of 20 equally spaced sample
3 Results are consistent when ω is capped between−2 and 2.
12 J.F.O. Bilson et al. / Economics Letters 128 (2015) 9–13Fig. 2. Portfolio performances.Fig. 3. Test for H0: IDYTS portfolio≻2 DP portfolio.Fig. 4. Test for H0: IDYTS portfolio≻2 RW portfolio.Fig. 5. Test for H0: DP portfolio≻2 RW portfolio.points drawn from joint support of the empirical distribution of the
two portfolio returns. One cannot reject the null hypothesis if the
maximal value of T (z) is positive and statistically significant and
the minimal value is statistically not significant.
Figs. 3 and 4 indicate that the IDYTS portfolio stochastically
dominates both the DP and RW portfolios, and the dominance is
robust for different γ s (except for versus RW in γ = 15 case). Fig. 5
indicates that the DP portfolio shows no dominance over the RW
portfolio.5. Conclusion
According to Goyal andWelch (2008), manymarket return pre-
dictors documented in the literature have poor out-of-sample fore-
casting power. In this letter, we propose a new dividend-based
predictor, the IDYTS, and document empirical evidence for its
strong out-of-sample predictability. Practitioners may use the
IDYTS to optimally construct their investment portfolios. In the fu-
ture, our study may be extended to individual stocks.
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Sharpe ratio test results.
Portfolio
(A)
Portfolio
(B)
Sharpe ratio
(A)
Sharpe ratio
(B)
Z
Panel a γ = 0.5
IDYTM DP 0.329 −0.142 1.49∗
IDYTM RW 0.329 0.058 0.914
DP RW −0.142 0.058 −0.867
Panel b γ = 4
IDYTM DP 0.446 −0.001 1.726∗∗
IDYTM RW 0.446 −0.139 1.891∗∗
DP RW −0.001 −0.139 0.602
Panel c γ = 15
IDYTM DP 0.324 −0.293 2.20∗∗∗
IDYTM RW 0.324 −0.166 1.491∗
DP RW −0.293 −0.166 −0.422
*, **, and *** indicate the statistical significance at 10%, 5%, and 1% level, respectively.
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Appendix A. Proof
Assuming µt follows an AR(1) process (Binsbergen and Koijen,
2010),
Et
∞
N=0
ρN × rt+1+N = θ1 + θ2µt
where θ1 and θ2 are constant. Let yt,t+N be the annualized dividend
yield for maturity N , where N = 1, 2, . . . ,∞. From Taylor
expansion,
dgt+N
=

yt,t+1 − dpt − 1,N = 1
N · (yt,t+N − yt,t+N−1)− (N − 2) · (yt,t+N−1 − yt,t+N−2),N ≥ 2

.Substituting these two equations into (3), we obtain (4) where
α = − θ0+θ1+1
θ2
and β = 1
θ2
.
Appendix B. Estimation of IDYTS
At the beginning of each month, use backward-looking 10 days
of data to construct put–call pairs. E.g., pick up put–call pairs with
the same strike and maturity closest to 92 days to estimate idy92,
and then take the median as our best estimate. Against Option-
Metrics data, apply the following filters: (i) Bid/ask prices must
satisfy option no-arbitrage conditions; (ii) bid price >0; (iii) the
implied volatility>0.05; (iv)moneyness (K/S)∈ [0.9, 1.1]; (v) open
interest>100.
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